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A Covariance-based User Activity Detection and
Channel Estimation Approach with Novel Pilot
Design
Lei Cheng, Liang Liu and Shuguang Cui
Abstract—This paper studies the massive machine-type com-
munications (mMTC) for the future Internet of Things (IoT)
applications, where a large number of IoT devices exist in
the network and a random subset of them become active at
each time instant. Building upon the fact that the covariance
matrix of the received signal can be accurately estimated in
the spatial domain if the base station (BS) is equipped with
a massive number of antennas, we propose a covariance-based
device activity detection and channel estimation strategy in a
massive MIMO (multiple-input multiple-output) aided mMTC
system. For this strategy, a novel approach for the pilot sequence
design is first provided, where the pilot of each device is merely
determined by a unique phase parameter. Then, by estimating the
phase parameters of the active pilot sequences that contribute to
the received covariance matrix, an efficient algorithm is proposed
to detect the active devices without the prior information about
the total number of active devices. At last, given the estimation
of active devices, channel estimation is conducted based on the
conventional minimum mean-squared error (MMSE) approach.
It is worth noting that our proposed strategy is able to obtain all
the results in closed-forms, and is thus of much lower complexity
compared to the existing strategies that are based on iterative
algorithms for device detection and channel estimation.
I. INTRODUCTION
To embrace the forthcoming era of Internet of Things
(IoT), 3GPP has defined massive machine-type communica-
tions (mMTC) as a main use case for the fifth-generation (5G)
cellular networks [1]. In a typical massive IoT connectivity
scenario, although there exist a large number of IoT devices,
merely a random subset of them are active at each time instant
due to their sporadic data traffic. To facilitate mMTC, the so-
called grant-free random access has been studied [2], in which
the base station (BS) needs to detect the active devices and
estimate their channels based on its received pilot sequences
before decoding their messages.
In the literature, the strategies for device activity detection
and channel estimation in mMTC can be classified into two
categories: the compressed sensing based strategy and the
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covariance-based strategy. For the former strategy, device
activity detection and channel estimation is cast into a com-
pressed sensing problem based on sparsity in user activity [3],
[4]. Along this line, [3] proposed to apply the approximate
message passing (AMP) algorithm [5] in mMTC, and it was
shown that in the asymptotic regime when the number of
antennas at the BS goes to infinity, the probabilities of missed
detection and false alarm both go down to zero exponentially.
Moreover, other compressed sensing algorithms were also
applied in the mMTC systems [4]. For the latter strategy, the
key observation is that given the active devices, the covariance
matrix of the received signal can be accurately estimated in
the spatial domain if the number of antennas at the BS is
large. In the massive MIMO (multiple-input multiple-output)
system, a stochastic maximum likelihood (ML) method was
proposed in [6], [7] to detect the active users based on the
received covariance matrix. However, the user pilot sequences
are randomly generated in the above strategies, which may not
satisfy the constant power constraint of each pilot symbol in
practice. Moreover, the above approaches all require iterative
algorithms for device detection, which are time consuming
when the number of users is large in the system.
To tackle the above challenges, in this paper, we provide
a novel pilot sequence design approach, based on which a
closed-form covariance-based strategy is then proposed for
device activity detection and channel estimation in a massive
MIMO aided mMTC system. Specifically, each user is as-
signed with a unique phase parameter, and it generates its pilot
sequence as a function of this parameter. It is shown that under
our proposed pilot design, each received covariance matrix
merely corresponds to one unique device activity pattern.
Moreover, a closed-form algorithm is proposed to detect the
active devices, which does not require the prior information
about the total number of active users and only involves the
eigenvalue decomposition (EVD) of some matrices associated
with the received covariance matrix. At last, the minimum
mean-squared error (MMSE) channel estimation is conducted
given the estimated active users.
II. SYSTEM MODEL
Consider the uplink communications in a massive MIMO
system, where the BS is equipped with a large number of
antennas, and each user is equipped with single antenna. Let
M and N denote the number of antennas at the BS and the
number of users, respectively. A block-fading channel model
is adopted in this paper. We consider the Rayleigh fading
channel, and the channel from the nth user to the BS is
denoted by hn ∼ CN (0, βnI), where βn is the pass loss and
assumed to be known by the BS. Due to the sporadic nature
of wireless traffic in mMTC, only K ≪ N users are active in
each coherent block. The indicator variable λn is introduced
to represent the activity pattern of the nth user as follows:
λn =
{
1, if user n is active,
0, otherwise,
∀n. (1)
Define K = {k : λk = 1} as the set of active users.
In this paper, we consider the grant-free random access
scheme [2], where the user activity λn’s and user channels
hn’s have to be estimated in the first phase, and the user
message is decoded in the second phase. Particularly, we focus
on user activity detection and channel estimation in this work.
In this phase, the nth user is assigned a unique pilot sequence
an = [an(1), ..., an(L)]
T with length L, which is assumed
to be smaller than the coherence length. Due to the fact that
the number of potential users N is usually extremely large in
the context of mMTC, the length of each pilot sequence L is
typically less than the total number of users N , resulting in
non-orthogonal pilot sequences {an}Nn=1.
At the beginning of each coherence block, the active users
transmit their pilot sequences to the BS. The received mea-
surements at the BS can be modeled as
Y =
N∑
n=1
λnanh
T
n +Z, (2)
where Z = [z1, ..., zM ], with zm ∼ CN (0, σ2I), denotes the
additive white Gaussian noise (AWGN) at the BS. By defining
xn , λnhn, n = 1, ..., N, as each user’s effective channel,
X = [x1, ...,xN ]
T as the collection of all users’ effective
channels, and A = [a1, ...,aN ] as the collection of all users’
pilot sequences, the measurement model can be equivalently
expressed as
Y =
N∑
n=1
anx
T
n +Z = AX +Z. (3)
Notice that detecting the active users and estimating their
channels by recovering X based on (3) can be viewed as a
compressed sensing problem, since X is a row-sparse matrix.
From this perspective, research work [3] used the AMP algo-
rithm to estimate the row-sparseX . However, the AMP-based
method in [3] requires the prior information of the number of
active users K , which is hard to get in practice. Moreover, for
the AMP-based method [3], the user pilot sequences in A are
i.i.d. generated, and it is hard to design a better pilot matrix
A to improve the performance.
In this work, instead of the compressed sensing strategy, we
employ a covariance-based scheme to detect the active users
and then estimate their channels. Specifically, given the user
activity λn’s, the covariance matrix of the received signal is
ΣY (λ1, ..., λN ) = E
[
Y Y H
]
= AΓAH + σ2I, (4)
where Γ = diag{λ1β1, ..., λNβN}. If the covariance matrix
ΣY (λ1, ..., λN ) is known, it is possible to estimate λn’s based
on (4). Then, after λn’s are estimated, the user channels can
be recovered based on the received signal model (3).
In practice, the covariance matrix in general has to be
estimated over a long time duration given any user activ-
ity pattern. Since the user activity can change very fast in
mMTC, there is no sufficient time to estimate ΣY (λ1, ..., λN )
accurately. However, our considered massive MIMO setup
enables an alternative manner to estimate the covariance matrix
ΣY (λ1, ..., λN ) in the spatial domain based on the following
relationship:
ΣˆY (λ1, ..., λN ) =
1
M
Y Y H ≈ ΣY (λ1, ..., λN ). (5)
Moreover, as M → ∞, it can be shown that
ΣˆY (λ1, ..., λN )→ ΣY (λ1, ..., λN ).
In the following, we first focus on the ideal case when M
goes to infinity such that the estimation of ΣY (λ1, ..., λN ) is
perfect. In this case, we will introduce our proposed scheme
that can construct A effectively, detect user activity perfectly
with low complexity, and estimate the channels accurately.
Next, we will discuss about how to apply our scheme in a
practical massive MIMO system when the BS is equipped
with tens or hundreds of antennas such that the estimation
of ΣY (λ1, ..., λN ) is accurate but not perfect.
III. ALGORITHM DESIGN WHEN M →∞
We start to introduce our proposed user activity detection
and channel estimation scheme by considering the asymptotic
regime of M → ∞ such that ΣY (λ1, ..., λN ) is estimated
perfectly by (5), i.e., ΣˆY (λ1, ..., λN ) = ΣY (λ1, ..., λN ).
Particularly, we consider the case of
L > K. (6)
In other words, the pilot sequence length is larger than the
number of active users. This is a valid assumption since even
with known user activity, channel estimation requires L > K
to be true in general to reduce the estimation error.
A. Identifiable Constant-Modulus Pilot Design
In this subsection, a novel pilot construction scheme is
presented. For the pilot vector of the nth user, it is designed
to be
a(φn) =
√
p[1, exp(−j2piδ cosφn), exp(−j4piδ cosφn),
..., exp(−j(L− 1)2piδ cosφn)]T , (7)
where p denotes the identical transmit power of all the users,
φn ∈ [0, pi], which can be set to be φn = npi/N, n = 1, ...N,
in practice, and δ ≤ 1/2. Then, define A(φ) = [a(φ1),
a(φ2), ...,a(φN )] as the collection of all users’ pilot se-
quences, which is a function of φ = [φ1, ..., φN ]
T . For this
pilot design, it is observed that each pilot symbol is of constant
power, which is desirable in practice such that the existing
modulation schemes can be directly applied. At last, our pilot
design also satisfies the following property.
Theorem 1: Given a pilot matrix A(φ) = [a(φ1),
a(φ2), ...,a(φN )] ∈ CL×N(L < N) with each column a(φn)
generated by (7), any K columns in A(φ) are linearly inde-
pendent. Moreover, different user activity patterns will yield
different receive covariance matrices, i.e., ΣˆY (λ¯1, ..., λ¯K) 6=
ΣˆY (λ˜1, ..., λ˜K), if ∃k, λ¯k 6= λ˜k.
A rigorous proof of Theorem 1 is given in [8, page
272]. Note that each pilot sequence is an identifier for each
user since different users are assigned with different pilot
sequences. As a result, Theorem 1 indicates that the perfect
covariance matrix estimation ΣˆY (λ1, ..., λN ) is sufficient for
recovering the user pilot sequences and thus detecting the
active users without error under our pilot sequence design
given in (7). In the following, we show how to map an
arbitrary ΣˆY (λ1, ..., λN ) to the corresponding pilot sequences
that contribute to it.
B. Estimating the Number of Active User
First, we show how to estimate the number of ac-
tive users based on the perfect covariance matrix estimate
ΣˆY (λ1, ..., λN ). With pilot matrix A(φ), the received mea-
surement covariance matrix ΣY (λ1, ..., λN ) given in (4) can
be re-expressed as
ΣY (λ1, ..., λN ) = A¯(φ)Γ¯A¯
H(φ) + σ2IL = ΣˆY (λ1, ..., λN ),
(8)
where A¯(φ) = [...,a(φk), ...], ∀k ∈ K, and Γ¯ =
diag(..., βk, ...), ∀k ∈ K. Since the columns in the pilot matrix
A¯(φ) are linearly independent according to Theorem 1, it
follows that the rank of the matrix
Q = ΣˆY (λ1, ..., λN )− σ2IL = A¯(φ)Γ¯A¯H(φ) (9)
is just the number of active user K , i.e., K = rank(Q). As
a result, if the covariance matrix estimate ΣˆY (λ1, ..., λN ) is
perfect, the number of active users can be accurately estimated.
C. Active User Detection
After detecting the number of active users, we show how
to detect the active users based on the covariance matrix
ΣˆY (λ1, ..., λN ). Since each pilot sequence a(φk) is deter-
mined by the signature parameter φk , detecting the active
users is equivalent to finding parameters {φk}Kk=1 from the
covariance matrix ΣˆY (λ1, ..., λN ). To detect φk’s, we first
have the following property
A1(φ) = A0(φ)Φ, (10)
where A0(φ) ∈ C(L−1)×K collects the first row to the second
last row of the pilot matrix A¯(φ), and A1(φ) ∈ C(L−1)×K
collects the second row to the last row of the pilot matrix
A¯(φ), i.e.,
A0(φ) =

 a(φ1)(1) ... a(φK)(1)... ... ...
a(φ1)(L− 1) ... a(φK)(L − 1)

 , (11)
A1(φ) =

a(φ1)(2) ... a(φK)(2)... ... ...
a(φ1)(L) ... a(φK)(L)

 , (12)
and
Φ =diag{exp(−j2piδ cosφ1/λ), exp(−j2piδ cosφ2/λ),
..., exp(−j2piδ cosφK/λ)}. (13)
If A0(φ) and A1(φ) are known, we could obtain Φ by
solving (10). However, they are unknown in general. In the
following, we show that Φ still can be efficiently obtained
based on Q, which is computed from ΣˆY (λ1, ..., λN ) using
(9). Specifically, the EVD of Q is defined as
Q = USUH , (14)
where U = [u1, ...,uL] consists of the eigenvectors of Q, and
S = diag{s1, ..., sK , 0, ..., 0} consists of the eigenvalues of Q
(only K of them are non-zero). Then, we have the following
lemma.
Lemma 1: There exists an invertible matrix C ∈ CK×K
such that
U¯ = A¯(φ)C, (15)
where matrix U¯ = [u1, ...,uk].
A rigorous proof of Lemma 1 can be found at [8, page
285]. Similar to the construction of A0(φ) and A1(φ) based
on A¯(φ), define U¯0 and U¯1 as
U¯0 =

 u1(1) ... uK(1)... ... ...
u1(L− 1) ... uK(L− 1)

 , (16)
U¯1 =

 u1(2) ... uK(2)... ... ...
uK(L) ... uK(L)

 . (17)
It can be shown that
U¯1 = A1(φ)C = A0(φ)ΦC
= A0(φ)CC
−1
ΦC︸ ︷︷ ︸
,Ψ
= U¯0Ψ. (18)
Equation (18) reveals an efficient way to obtain Φ. First, it
can be shown that the columns in U¯0 are linearly independent
with each other under our interested regime of L > K . As a
result, Ψ can be uniquely obtained by
Ψ =
[
U¯H0 U¯0
]−1
U¯H0 U¯1. (19)
Next, it can be observed in (18) that the EVD of Ψ is defined
by
Ψ = C−1ΦC. (20)
As a result, we can compute the EVD of Ψ to obtain Φ
accurately. Define Φ(k) as the kth diagonal element of Φ.
According to (13), φk can be obtained by
φk = arccos
(−j lnΦ(k)
2piδ
)
, k = 1, ...,K. (21)
Since the BS knows the signature parameters {φn}Nn=1 for all
the users, the active users can be accurately detected by the
BS.
To summarize, we have the following theorem.
Theorem 2: Given perfect estimation of ΣY (λ1, ..., λN ) in
the asymptotic regime of M →∞, and under the pilot design
given in (7), the active users can be always perfectly detected
based on the following algorithm (Algorithm 1) when L > K .
Algorithm 1 The proposed scheme when M →∞
Users: Each user generates its pilot vector a(φn) using (7).
Base Station:
1: Compute the measurement covariance matrix estimate
ΣˆY (λ1, ..., λN ) using (5);
2: Compute matrix Q using (9) and then recover the active
user number K = rank(Q).
3: Find eigenvectors U = [u1, ...uL] from EVD of Q using
(14). Let U¯ = [u1, ...,uK ].Then construct matrix U¯0 and U¯1
based on (16) and (17).
4: Compute matrix Ψ using (19), based on which matrix Φ is
computed from the EVD ofΨ in (20). Then, the pilot signature
parameters {φk}Kk=1 are obtained via (21).
5: After matching parameters {φk}Kk=1 to the signature
{φn}Nn=1 at the BS, the active set K is obtained.
D. Channel Estimation
After detecting the active users, the received data model (3)
reduces to
Y = A¯(φ)Γ¯H¯ +Z, (22)
where H¯ = [...,hk, ...] ∀k ∈ K, and A¯(φ) is known after
{φk}Kk=1 are detected perfectly. Then the MMSE estimator
for channel estimation can be expressed as [9]:
Hˆ = Γ¯A¯(φ)H
(
A¯(φ)Γ¯A¯(φ)H + σ2I
)−1
Y , (23)
with the mean-square-error (MSE) as [9]:
Σ
Hˆ
= Γ¯−Γ¯A¯(φ)H (A¯(φ)Γ¯A¯(φ)H+σ2I)−1 A¯(φ)Γ¯. (24)
IV. ALGORITHM DESIGN WITH A LARGE BUT FINITE M
In a practical massive MIMO system where the number
of antennas at the BS M is large but finite, the estimation
of the covariance matrix ΣY (λ1, ..., λN ) based on (5) is
not perfect, i.e., ΣˆY (λ1, ..., λN ) ≈ ΣY (λ1, ..., λN ). The
estimation error will degrade the user detection performance
of our proposed scheme in the following manners. First, since
Q 6= A¯(φ)Γ¯A¯H(φ), the rank of Q may not be equal to the
rank of A¯(φ)Γ¯A¯H(φ), leading to an error in the estimation
of the number of active users. Second, due to the estimation
error, there may not exist an invertableC such that (15) holds.
As a result, (18) is no longer true and the estimation of φk’s
based on (19)-(21) is not perfect.
To tackle the first difficulty, we still calculate the EVD of Q
and obtain its eigenvalues {sl}Ll=1. Next, the number of active
users Kˆ can be estimated as the number of eigenvalues that
are sufficiently larger than a threshold η > 0, i.e.,
Kˆ = |{sl : sl > η, l = 1, ..., L}|. (25)
For the second difficulty, the signature parameter can still
be obtained from (21), which are denoted by {φˆk}Kˆk=1. Due
to the estimation error, it is in general hard to find a value
of φk that is exactly equal to the estimated φˆk. In this case,
we claim that one user ka is active if its φka is closest to a
particular φˆk , i.e.,
Kˆ = {ka : argminn=1,...,N(φn − φˆk)2, k = 1, ...,K}. (26)
In summary, the proposed covariance-based algorithm for user
activity detection in the case with a large but finite M is
presented in Algorithm 2. Then, the channels of the detected
users can be estimated based on (23).
Algorithm 2 The proposed scheme with a large but finite M
Users: Each user generates its pilot vector a(φn) using (7).
Base Station:
1: Compute the measurement covariance matrix estimate
ΣˆY (λ1, ..., λN ) using (5);
2: Compute matrix Q using (9) and its eigenvalues {sl}Ll=1
using (14), based on which the active user number is estimated
using (25).
3: Find eigenvectors U = [u1, ...uL] from EVD of Q using
(14). Let U¯ = [u1, ...,uK ].Then construct matrix U¯0 and U¯1
based on (16) and (17).
4: Compute matrix Ψ using (19), based on which matrix Φ is
computed from the EVD ofΨ in (20). Then, the pilot signature
parameters {φk}Kk=1 are obtained via (21).
5: Estimate the active set Kˆ using (26).
V. COMPARISON WITH EXISTING SCHEMES
In the literature, AMP was first proposed in [3] to detect the
active users and estimate their channels. Then, a covariance-
based approach was proposed in [6], [7] to merely detect the
active users. In this section, we compare our proposed scheme
with the existing schemes in terms of design philosophy,
performance, and complexity.
1) Design Philosophy: AMP views user detection and
channel estimation as a compressed sensing problem based on
the observation that X is row-sparse. The idea is to recover
X based on (3). On the other hand, the covariance-based
method proposed in [6], [7] aims to recover Γ based on (4).
Different from these two existing schemes, we construct the
pilot sequences in a way that each φk is the identifier of
each user k. This enables an efficient algorithm to estimate
the number of active users and detect the active users.
2) Performance: It can be shown that in the asymptotic
regime ofM →∞, all the AMP algorithm [3], the covariance-
based algorithm proposed in [6], [7], and our proposed algo-
rithm can achieve perfect user activity detection. Particularly,
AMP requires L to be proportional to K , the covariance-based
algorithm [6], [7] requires L to be linear to
√
K, and our
proposed scheme requires L > K . Although the covariance-
based algorithm [6], [7] requires the minimum L for user
detection, the algorithm cannot be applied to estimate the
channels since L is much smaller than K . However, our
proposed scheme can estimate the channels as well.
In the practice regime with large but finite M , all the
algorithms cannot achieve perfect user activity detection. Par-
ticularly, if N is too large, the minimum gap between φn’s,
i.e., pi/N , is too small under our proposed scheme, In this
case, a small error in the estimation of φk may lead to a
missed detection event for an active user k. As a result, as
will be shown in the numerical examples in Section VI, our
proposed scheme works quite well when the number of users
is moderate, e.g., up to about 100 users.
Table I: Computational time (sec) versus different antenna numbers
Number of antennas at BS 32 64 128
The proposed scheme 4.91×10−4 5.48×10−4 6.01×10−4
Scheme proposed in [6],[7] 0.0567 0.0573 0.0586
3) Computational Complexity: From Algorithm 2, it is
observed that the computational complexity is dominated by
two EVD computations in Step 3 and 4 and one pseudo-inverse
computation in Step 4, resulting in the complexity order of
O(L3+K3+K2(L− 1)+L2M). Due to the sporadic nature
of the wireless traffic and the ultra-latency requirement, the
active user number K and the pilot length L are usually not
very large. Furthermore, the proposed scheme is a closed-
form algorithm, with each step only involving basic algebraic
operations. In contrast, both the AMP and covariance-based
algorithms are iterative algorithms, with complexity order in
each iteration of O(LNM) and O(L3) respectively.
VI. NUMERICAL RESULTS
In this section, numerical results are presented to assess the
performance of the proposed algorithm. The simulation setup
is as follows. There are N = 100 users in the cell, and in each
coherent block K = 5 users are active. The BS is equipped
withM = {8, 16, 32, 64, 128} antennas and the pilot sequence
length is L = 12. The path loss model of the wireless channel
for user n is given as gn = −128.1 − 36.7 log10(dn) in dB,
in which dn ∈ [0, 100m] denotes the distance between the
BS and the nth user. The bandwidth of the wireless channel
is 10 KHz and the transmit power for each user is 25 dBm.
The power spectral density of the noise is -169 dBm/Hz. All
the simulation results are obtained by averaging over 10000
simulation trials.
First, for user activity detection, the proposed scheme is
compared to the the covariance-based algorithm [6], [7] 1.
Fig.1 compares the probability of miss detection and false
alarm between the two algorithms under different number of
antennas. To conveniently show the detection error behavior
of the covariance-based method, its detection threshold is
properly set to achieve the same probability of miss detection
of the proposed scheme. It is observed from Fig. 1 that as
the antenna number increases, the detection error probabilities
of the proposed scheme decrease due to the better estimation
of the covariance matrix. Moreover, it is observed that with
the same probability of miss detection, the proposed scheme
achieves much smaller probability of false alarm than the
covariance-based method proposed in [6], [7].
Moreover, the computational time of the proposed scheme
and the covariance-based algorithm proposed in [6], [7] is
given in Table I. It is observed that our proposed closed-form
scheme is orders of magnitude faster than the iterative scheme
proposed in [6], [7].
Next, Fig. 2 shows the channel estimation performance
assuming a set of active users have been detected perfectly. For
the benchmark scheme, we consider the case where each pilot
symbol is i.i.d. Gaussian distributed as for the AMP algorithm.
It is observed from Fig. 2 that under our pilot design (7) , the
1The AMP algorithm works in the regime of K > M . As a result, its
performance cannot be shown in our considered setup.
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MSE for channel estimation is much lower than that for the
benchmark scheme.
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At last, it is worth mentioning that our scheme works in
the regime of M ≫ K and N is moderate. If both K and N
are extremely large, AMP can yield better performance in this
regime.
VII. CONCLUSIONS
In this paper, a novel covariance-based scheme was pro-
posed to detect the active users and then estimate their
channels in mMTC, assuming no prior information about
the active user number. By judiciously designing identifiable
constant-modulus pilot signals, the proposed scheme was able
to perform user activity detection in a closed-form manner,
based on which the MMSE channel estimator is derived.
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